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Abstract 

Appropriate damage assessment procedures are fundamental for making decisions regarding existing structures. For instance, to 

decide about corrective measures to define risk management strategies. Damage assessment is one of the most challenging 

problems to solve due to difficulties in defining, assessing and modeling the variables involved and those associated with handling 

uncertainty. Various methodologies are combination of system theory, neural networks, fuzzy logic and interval theory. Neural 

networks and fuzzy systems are two soft-computing paradigms for system modeling. Adapting a neural or fuzzy system requires 

to solve two optimization problems: structural optimization and parametric optimization. Structural optimization is a discrete 

optimization problem which is very hard to solve using conventional optimization techniques. Parametric optimization can be 

solved using conventional optimization techniques, but the solution may be easily trapped at a bad local optimum.                
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________________________________________________________________________________________________________ 

I. INTRODUCTION 

 General 

One of the most difficult problems to manage in Civil Engineering is damage identification and evaluation. The adaptation of 

creatures to their environments results from the interaction of two processes, namely, evolution and learning. Unlike evolution, 

which is based on the Darwinian mosdel of a species, learning is based on the connectionist model of the brain. Evolution is a slow 

stochastic process at the population level that determines the basic structures of a species, while learning is a process of gradually 

improving an individual’s adaptation ability to its environment by tuning the structure of the individual. Evolutionary algorithms 

(EAs) are stochastic search methods inspired by the Darwinian model, while neural networks are learning models based on the 

connectionist model. Compared to the connectionist model-based learning process, fuzzy systems are a high-level abstraction of 

human cognition.  

Neural networks, fuzzy systems, and evolutionary algorithms are the three major soft-computing paradigms for computational 

intelligence. Neural networks and fuzzy systems are two major approaches to system modeling. Adapting neural networks or fuzzy 

systems involves the solution of two optimization problems: structural optimization and parametric optimization. Structural 

optimization is the first step that tries to find an optimum system structure; it is a discrete (combinatorial) optimization problem 

and is very hard to solve using conventional calculus-based optimization techniques. After the system structure is determined, 

parametric optimization is applied to find the optimum system parameters in a continuous parametric space. Parametric 

optimization can be solved using conventional optimization techniques; however, the solution may be easily trapped at a bad local 

optimum. Evolutionary computation is particularly suited to the adaptation (learning) of neural and fuzzy systems. 

II. PROPOSED METHODOLOGY 

Various studies have been carried out by different researches to find damages identification and evaluation. For which they have 

used different methodologies. The research method adopted for this project is mainly based on a literature review of “Neural 

networks” and “fuzzy systems” in the construction industry. . Adapting neural networks or fuzzy systems involves the solution of 

two optimization problems: structural optimization and parametric optimization. Structural optimization is the first step that tries 

to find an optimum system structure; it is a discrete (combinatorial) optimization problem and is very hard to solve using 

conventional calculus-based optimization techniques. By referring above methodologies, following methodology has been 

developed for efficient work towards this project. 
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Fig. 1: Research Methodology Chart 

III. LITERATURE REVIEW 

 E. Villanueva & M. Sanchez-Silva 

Appropriate damage assessment procedures are fundamental for making decisions regarding existing structures. For instance, to 

decide about corrective measures after an earthquake or to define risk management strategies. Damage assessment is one of the 

most challenging problems to solve due to difficulties in defining, assessing and modelling the variables involved and those 

associated with handling uncertainty. The proposed methodology is a combination of system theory, neural networks, fuzzy logic 

and interval theory. A three-layer feed forward neural network is used to classify structural damage. Tests of the model have 

demonstrated the reliability and value of this tool for making decisions under uncertainty. 

 Biao biao Zhang, Yue Wu, Jia bin Lu, K.-L. Du 

Neural networks and fuzzy systems are two soft-computing paradigms for system modelling. Adapting a neural or fuzzy system 

requires to solve two optimization problems: structural optimization and parametric optimization. Structural optimization is a 

discrete optimization problem which is very hard to solve using conventional optimization techniques. Parametric optimization 

can be solved using conventional optimization techniques, but the solution may be easily trapped at a bad local optimum. 

Evolutionary computation is a general-purpose stochastic global optimization approach under the universally accepted neo- 

Darwinian paradigm, which is a combination of the classical Darwinian evolutionary theory, the selectionism of Weismann, and 

the genetics of Mendel. Evolutionary algorithms are a major approach to adaptation and optimization. In this paper, we first 

introduce evolutionary algorithms with emphasis on genetic algorithms and evolutionary strategies. Other evolutionary algorithms 

such as genetic programming, evolutionary programming, particle swarm optimization, immune algorithm, and ant colony 

optimization are also described. Some topics pertaining to evolutionary algorithms are also discussed, and a comparison between 

evolutionary algorithms and simulated annealing is made. Finally, the application of EAs to the learning of neural networks as well 

as to the structural and parametric adaptations of fuzzy systems is also detailed. 
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IV. METHODOLOGY 

 General Aspects: 

Modelling building's damage face with two types of problems:  

 In the first case, it is considered that the seismic event has not occurred and the   modelling objective is to estimate the type 

of damage expected in the construction.  

 The second one appears after the occurrence of the event and it attends making an evaluation of the damage suffered by the 

structure.  

The developed methodology is an approach to the solution of the first problem. The application to the second case is an extension 

of the current work and it is being implemented.  

The variables considered in this methodology contributing to building's damage are divided in three classes:  

 Form: plan irregularities, vertical irregularities and eccentricity.  

 Resistance: structure type, ductility, short columns and soft story.  

 Construction: year of construction, quality and maintenance.  

The final result of the method is the classification of possible damage type (linguistic variable) before the occurrence of a seismic 

event. The definition of possible damage types is based on damage matrixes proposed by ATC 13*: no damage (0-1%), light (1-

10%), moderate (1030%), severe (30-60%) and collapse (60-100%). 

 Structure of the Neural Network: 

The neural network proposed for damage estimation consists of three layers of neurons which compasses the hierarchical handling 

of information. This means that concepts in the input layer have a higher level of precision that those in the output layer. The neural 

network modelling combined with the systems theory is the conceptual essence of the model.  

The first level has nine (9) neurons, each one corresponding to a input variable of the network (Sec. 6.1). Weights joining the 

first and the second layers are fixed. They represent the contribution of each input variable in the characterization of the group to 

which it belongs (form, resistance or construction). These values are determined by the expert depending on the project being 

evaluated. This allows the model to be general and at the same time to adapt to the particularity of the evaluated system. These 

initial weights depend on the expert previous experiences and he/she assigns them keeping in mind the type of structural system 

and the seismic risk area within which the construction is built. Data are introduced to the network by means of the qualification 

of the fundamental parameters through linguistic variables.  

The consistency in the interpretation of the parameters is achieved distributing the evaluation values in a range between 0 and 

1, where 0 means that the variable definitively does not contribute to the occurrence of damage and 1 means that it contributes 

decisively to its occurrence. Each linguistic variable is associated with a fuzzy set as shown in Fig. 2. For instance, the evaluation 

of the parameter vertical irregularities would be: "Vertical irregularities are important and contribute a lot in the incidence of form 

for damage occurrence". 

 
Fig. 2: Linguistic Variables and Fuzzy Sets 

This way, the expert has the possibility to qualify vertical irregularities with the linguistic variables Not Important (NI), Not 

Very Important (NVI), Half Important (HI), Important (I) and Very Important (VI). In this particular case, the expert making the 

evaluation has defined the presence of vertical irregularities as important (I). In addition, the expert has qualified the contribution 

of the variable vertical irregularities to the characterization of form as a lot. The expert should quantify that contribution by using 

linguistic variables matched to single numbers in a range between 0 and 1. The sum of the contributions of each one of the variables 

to a specific group (form, resistance or construction) must be 1. This weight will be the one that relates the input neuron of the 

variable vertical irregularities with the neuron form of the second layer In the hidden layer the input information is associated to 

the three variable types described previously: form, resistance and construction. Here linguistic values become numeric values, 

with the help of fuzzy sets theory. The initial weights defined by the expert in the input layer are used to scale the input fuzzy set 

(i.e., important) depending on the importance assigned to it (i.e., a W=0.9). The sum of the scaled evaluation of all input values 

results in a new fuzzy set. After words a defuzzification process is used as transfer function. The methodology used for such an 
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effect was the calculation of the fuzzy set center. Therefore, the hidden layer of the neural network allows to obtain the 

defuzzificated values for the variables form, resistance and construction, which are single values between 0 and 1. The final process 

developed by the network is the categorization of damage in the five possibilities described (Sec. 6.1). The learning mechanism 

presented in (Sec. 6.3) allows to understand this process. 

 Learning Mechanism: 

The characterization of the expected damage in terms of the variables form, resistance and construction is the first step to define 

the learning process. The initial values are based on the damage matrixes of ATC 13*: no damage (0, 0, 0), light (0.1, 0.1, 0.1), 

moderate (0.3, 0.3, 0.3), severe (0.6, 0.6, 0.6) and collapse (1, 1, 1). Thus, each damage type can be represented as a point in a 3-

D space, where each one of the variables in the second layer is an axis with values between 0 and 1 (Fig. 3). To classify the damage 

the distance between the output values of the hidden layer and the form, resistance and construction values is calculated. The 

damage is then associated to the category of damage corresponding to the nearest distance. The learning process is defined by the 

modification of the weights between the neurons. In this particular case the weights modified are those corresponding to the form, 

resistance and construction values that define each damage category. The learning mechanism used in the model is non supervised 

competitive learning. The neurons in the output layer (in fact they are not the neurons, but the weights) compete and only one of 

them is rewarded as response to an input information. The learning mechanism used is the one proposed by Kohonen (Eqn. 1), 

which is the most used in non supervised competitive learning networks. 

 
In Eqn. 1, %//, (t+1) is the new value of the weight joining the winning neuron and the neurons of the hidden layer; w,> ft) is 

the weight in the previous iteration; aft) is the learning coefficient; and v, ft) is the output value of the hidden layer neuron in the 

previous iteration. The term aft) it is a gain parameter or learning coefficient, with a value between 0 and 1, and which falls with 

the number of iterations. When a great number of learning patterns has been presented (500<t< 10000) its value is practically null, 

so the weights modification is insignificant. The learning process leads to the formation of clusters or damage categories, around 

characteristic values of the three analyzed variables (form, resistance and construction). The methodology developed for damage 

estimation in constructions was developed in Microsoft Visual Basic, version 4.0. The developed software makes all the 

mathematical calculations (calculation of the integrated membership function, defuzzification and calculation of the minimum 

error) and it shows the user the damage type expected in the construction. 

 Data Analysis 

 Damage Assessment  

Damage is defined as the "function or value loss of a certain system or structure". Damage evaluation is a process that involves 

great uncertainty, due to difficulties in identification all the variables that define it and the different nature of these variables. 

Damage modelling is a complex and difficult process to characterize with mathematical rigor. Damage classification in civil 

structures is generally made with the help of damage indexes. Such indexes can be defined in terms of damage potential of the 

seismic movement, the structural characteristics of the construction or the economic losses derived of the occurrence of the seismic 

event. Damage indexes are punctual evaluations that do not lead to real descriptions of damage and their utility for making decisions 

is questionable. A more reliable alternative for damage evaluation is the use of linguistic variables, supported in rational 

mathematical models. Thus, damage evaluation could be based on its intensity (no damage, light, moderate, severe and collapse), 

its extension (no damage, located, extended and total) or in other similar evaluation approaches. The use of linguistic variables for 

damage evaluation should be preceded of procedures and detailed descriptions that define clearly the parameters being evaluated.  

 Evolutionary Algorithms Based on Fuzzy Logic 

The Genetic Algorithm is the most popular Evolutionary Algorithm. Conventional GA parameter coding is static for the entire 

search. This results in finite accuracy in the solution. Fuzzy parameter-coding changes provides a more uniform performance in 

the GA search, and there is an intermediate mapping between the genetic strings and the search space parameters. Examples of 

fuzzy-encoding techniques are the fuzzy GA parameter coding and the fuzzy coding. The fuzzy coding provides the value of a 

parameter on the basis of the optimum number of selected fuzzy sets and their effectiveness in terms of the degree of membership. 

The GA optimizes membership functions (MFs) and the number of fuzzy sets, while the actual parameter value is obtained through 

defuzzification. Fuzzy encoding with a suitable combination of MFs is able to find better optimized parameters than both the GA 

using binary encoding methods and the gradient-descent technique for parameter learning of neural networks. 

In the first section, the fuzzy sets associated with each parameter are encoded in bits, with one representing the corresponding 

fuzzy set selected. The second section lists the corresponding degrees of membership for each fuzzy set, evaluated at a parameter. 

Fuzzy encoding has two advantages over binary encoding. Firstly, the resulting code books are highly non-uniform so that all 

necessary domain knowledge is captured to orient toward promising search areas. Secondly, fuzzy encoding supports a so-called 

weak encoding of optimized structures which could be helpful in the representation of neural networks. The main idea is to use a 

fuzzy controller with inputs as any combination of current performance measures and current control parameters of the GA and 

outputs as new control parameters of the GA. 
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 Neural Networks 

Artificial neural networks are inspired by the structure and operation of the human nervous system, where the neuron is the 

fundamental element. One of the characteristics that differ neurons from the rest of alive cells is their ability to communicate. 

Dendrites and the cellular body receive entrance signs; the cellular body combines them and emits exit signs. The axon transports 

those signs to the axonic terminals that take charge of distributing information to a new group of neuron (Fig 3) 

 
Fig. 3: Comparison of natural and artificial neurons. 

 

The organization of artificial neural networks can be characterized as a function of the number of layers, the number of neurons 

in each level, the connection patterns and the flow of information. Distribution of neurons inside the network is carried out forming 

layers of a certain number of neurons each one. They can be distinguished three types of layers: input layer, that is the layer which 

receives the information coming from the external sources to the network; hidden layers, that are internal to the network and they 

do not have direct contact with external environment; and output layer, which transfers information from the network to the 

exterior, sending the sign outside of the system. When no output of the neurons is entered to neurons of the same level or precedent 

levels, network is described as feed forward. When outputs can be connected as entrances of neurons of previous levels or the same 

level, including themselves the network is back propagation.  

Learning is the process for which a neural network modifies its weights as answer to an input information. Changes which occur 

during the learning process cause modification and creation of connections between the neurons. In biological systems it exists a 

continuous creation and destruction of connections. In artificial neural networks the creation of a new connection implies that the 

weight has a value different from zero. In the same way, a connection is destroyed when its weight becomes zero. During the 

learning process, the weights of the connections suffer modifications; therefore, one can affirm that this process has finished (the 

net has learned) when the values of the weights remain stable (dwij /dt =0). 

 Fuzzy logic 

Fuzzy Logic has charged great interest in engineering for representing and managing uncertainty in fundamentally imprecise 

processes. It is an useful and simple instrument for the treatment of models using approximate reasoning. Fuzzy Logic deals with 

groups which are defined for their membership functions that are denoted as a function μ(x) which indicates the degree of 

membership (between 0 and 1) to a certain group. This way, μ(x)=l means that x definitively belongs to the group X and μ(x) =0 

means that x definitively does not belong to that group. The ability of learning of the neural networks and the prosecution of 

imprecise information of Fuzzy Logic can be combined to optimize many processes. 

V. RESULT  

The results were checked out with an estimation process based in 200 different evaluations of the input variables. Although this 

number appears to be small, it is enough to guarantee the identification of behavior patterns in the results. The 200 mentioned 

evaluations were used to make an estimation process using the learning mechanism proposed by Kohonen, with three different 

learning coefficients (𝑡):0.01 𝑒−0.1𝑡, 1/t and 0.5 Processes of linguistic evaluation and defuzzification were common for the three 

cases, which provides a base for the comparison of the results. In the case of second and third learning mechanisms, values defining 

each category of damage do not seem to group around punctual values, due to the mechanism for modification of weights. The 

term that involves the contribution of the gain factor σ(t) is higher than the previous weight. Therefore, the model never converges 

to punctual values. On the other hand, the quickly falling form of the gain factor used in the first learning mechanism guarantees 

the convergence of the weights around characteristic values and the formation of clusters (Fig. 4). In Table 1 they are shown the 

results of four typical evaluations. 
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Fig. 4: Characterization of Damage Categories 

Table – 1 

Results of Four Typical Evaluations 

 
For the learning mechanism used, the distribution of damage types is quite consistent with that expected from the evaluation of 

an expert in Structural Engineering. 

VI. CONCLUSION 

The use of neural networks and fuzzy sets to evaluate expected damage seems to be a very valuable alternative. The training of the 

network shows the consistency between damage levels obtained and the evaluations expected from an expert in this area. The 

developed methodology represents an alternative for the estimation of building's expected damage. Such an estimation should lead 

to the adoption of prevention decisions which guarantee the appropriate behavior of the constructions when dealing with seismic 

events and minimize the probability of damage occurrence. 
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